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Abstract 
Background:  
Malaria is a serious public health challenge in sub-Saharan Africa with children under 
five being the most vulnerable, and a child dies every 30 seconds from it. Therefore, it 
is important to investigate malaria’s direct and indirect determinants in specific sub-
Saharan populations as well as identifying malaria hotspots in order to have informed 
and targeted preventative interventions.  
 
Rationale:  
Given the extent and seriousness of malaria in Southern Africa, understanding fully the 
factors associated with malaria is important in successfully fighting it. Therefore, 
understanding the determinants of malaria in children under five is important in 
working towards eliminating malaria in sub-Saharan populations.  
 
Objectives:  
This study’s objectives were:  
 To describe demographic, behavioral and environmental determinants (factors) 
associated with malaria episodes in under fives  in households in Malawi in the 
year 2012 
 To investigate the determinants of malaria episodes in children under five years 
in Malawi in 2012 
 To compare spatial distribution of malaria episodes in households in Malawi in 
2012. 
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Methods:  
This study was a secondary data analysis based on data from the Malawi 2012 Malaria 
Indicator Survey (MIS) obtained from Demographic and Health Survey (DHS) program 
website. The outcome variable was positive blood smear result for malaria in children 
less than five years, after an initial positive rapid malaria diagnostic test done at the 
homestead. We controlled for confounders after propensity score matching in order to 
reduce selection bias. Cases and controls were matched based on their propensity 
scores. Statistical modelling was done using logistic regression as well as generalized 
structural equation modeling (G-SEM) to model direct and indirect effects on the 
outcome. Poisson regression was done to determine associations between the outcome 
(positive blood smear malaria result) and selected explanatory variables at household 
level and we then introduced a structured and unstructured random effect to measure 
spatial effects if any of malaria morbidity in children under the age of five. 
Results:  
The matched data had 1 325 children with 367 (24.3%) having blood smear positive 
malaria. Female children made up approximately 53% of the total study participants. 
Child related variables (age, haemoglobin and position in household) as well as wealth 
index were significant (directly and indirectly) with p values <0.001. Socio-economic 
status (SES) [Odds ratio (OR) = 0.96, 95% Confidence interval (CI) = 0.92, 0.99] and 
primary level of education [OR = 0.50, 95%CI = 0.32, 0.77] were important 
determinants. The spatially structured effects accounted for more than 90% of random 
effects as these had a mean of 1.32 (95% Credible Interval (CI) =0.37, 2.50) whilst 
spatially unstructured had a mean of 0.10(CI=9.0x10
-4
, 0.38). The spatially adjusted 
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significant variables on malaria morbidity were; type of place of residence (Urban or 
Rural) [posterior odds ratio (POR) =2.06; CI = 1.27, 3.34], not owning land [RR=1.77; 
CI= 1.19, 2.64], not staying in a slum [RR=0.52; CI= 0.33, 0.83] and enhanced 
vegetation index [RR=0.02; CI= 0.00, 1.08]. A trend was observed on usage of 
insecticide treated mosquito nets [POR=0.80; CI= 0.63, 1.03]. 
 
Conclusion:  
Socio-economic status (directly and indirectly) and education are important factors that 
influence malaria control. The study showed malaria as a disease of poverty with 
significant results in slum, type of place of residence as well as ownership of land. It is 
important that these factors be taken into consideration when planning malaria control 
programs in order to have effective programs. Direct and indirect effect modelling can 
also provide an alternative modelling technique that incorporates indirect effects that 
might not be of significance when modeled directly. This will help in improving malaria 
control. Enhanced vegetation index was also an important factor in malaria morbidity 
but precipitation and temperature suitability index were not significant factors.  
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Definition of terms 
Determinant – a determining or causal factor 
Environmental determinants – factors found in the environment that influence 
malaria infection like temperature, vegetation or precipitation 
Behavioural determinants – factors that can be attributed to behaviour of humans for 
example use of insecticide treated nets (ITNs) 
Spatial determinants – factors that can be attributed to the location of affected 
individuals 
Malaria episode – case of clinical malaria experienced by a child (yes/no –binary 
variable) or number of children in household (count variable) under the age of five as 
well as case of clinical malaria experienced in a household 
Spatial analysis – Analytical technique that accounts for spatial variations due to 
unmeasured random effects  
Structural equation modelling – Analytical technique using direct and indirect 
modelling to analyse the complex relationships between selected variables  
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Preface 
This research report covers an important aspect in infectious diseases in sub-Saharan 
Africa. Malaria is a serious public health challenge in the developing world especially 
sub-Saharan Africa. Poverty, lack of education and suitable environment for the 
propagation of the vectors make sub-Saharan Africa vulnerable to malaria infection. 
Children under five as well as pregnant women are the most affected by malaria. The 
lack of resources both at national and household level makes fighting this disease 
difficult. This paper analyses the direct and indirect determinants of malaria as well as 
the structured and unstructured spatial effects of malaria in Malawi in 2012 in children 
less than five in order to help improve interventions for malaria prevention. This 
information will be useful for policy makers as well as public health practitioners in 
coming up with informed interventions in malaria control.  
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Chapter 1 Introduction  
1.1 Background Information 
The poorest countries of the world are the most affected by malaria (Mhalu, 2005), with most 
of these being in sub-Saharan Africa (Ricci, 2012). Nine out of every ten cases of malaria and 
malaria mortality take place in Africa (Dzinjalamala, 2009). This makes it one of the most 
important current global health challenges (World Health Organization). Figure 1-1 below is 
a map of Africa showing the countries where malaria is endemic. From the map, Malawi is in 
the intermediate risk range with malaria incidence higher than 5% but less than 40%. 
 
Figure 1-1: Map of Africa showing distribution of Plasmodium falciparum malaria in 
Africa (Malaria Atlas Project (MAP) 2010)(The Malaria Atlas Project, 2010) 
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2010 estimates as reported by the WHO of the global Plasmodium falciparum malaria illness 
burden showed that malaria deaths accounted for about 570 000 deaths in children under five 
and most were from Africa (World Health Organization).  
 
Malaria is endemic throughout the country of Malawi and is a major public health problem in 
that country (Wilson et al., 2012). In the year 2010 in Malawi, malaria accounted for the third 
highest number of deaths (Institute for Health Metrics and Evaluation, 2012). 
Climate factors including temperature, humidity, and rainfall are the main determinants of 
transmission (Connor et al., 2006). Other factors that also determine transmission include 
socio-economic status, knowledge on malaria prevention methods and access to treatment 
(Kiang et al., 2009). The extent and distribution of these factors influence the prevalence rate 
of malaria. Transmission is highest in areas that experience high temperature and frequent 
rainfall from October through to April (Bloland et al., 1999). 
1.2 Statement of the problem 
Malaria illness is a serious public health challenge in sub-Saharan Africa. This condition also 
seems to be associated with the socio-economic status (SES) of countries. Given the extent of 
malaria in southern Africa, a full understanding of the factors associated with malaria 
morbidity is important. This study will examine to what extent environmental, spatial and 
behavioural factors influence malaria episodes in households in children under five in Malawi 
in 2012 using the malaria indicator survey data. The study will also try to identify the malaria 
hotspots in Malawi  
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1.3 Justification of the study 
 Sub-Saharan Africa carries the highest burden of malaria with 86% of all global malaria 
cases being reported in sub-Saharan Africa in 2008 (Bloland et al., 1999). In Malawi, malaria 
is endemic in more than 95% of the country (Kazembe et al., 2006b). Malaria causes serious 
health problems in Malawi with the whole population at risk of contracting the disease 
(Ingstad et al., 2012). Malawians are among the poorest in Africa (World Bank Group, 
Wilson et al., 2012) with a per capita gross domestic product (GDP) of 388 US dollars for 
2011 compared to South Africa’s 8 090US dollars (United Nations) resulting in about 65% of 
the population being unable to meet their daily food requirements (Palmer, 2006). Eighty 
percent of the people live in rural areas, with about 74% living below the poverty datum line 
(United Nations Development Programme, 2011). Over half the 15 million population 
depends on smallholder agriculture for sustenance (Cromwell and Kyegombe, 2005, Palmer, 
2006). In 2011 according to WHO, Malawi experienced 5 338 701 episodes of malaria 
(World Health Organization, 2012). This puts pressure on its management of health-care 
resources as the GDP is not adequate to cover sufficiently and effectively its health problems. 
The presence of water bodies is an important factor in the transmission of malaria. Lake 
Malawi covers almost the whole length of Malawi and is an important source of income and 
food for many families through fishing (Ingstad et al., 2012) as well as an important transport 
route and this puts the people living along the lake under high risk (Bennett et al., 2013, 
Okiro et al., 2014).   
 
 
Malaria is endemic throughout Malawi but areas close to Lake Malawi and the low lying 
areas which are to the south of Lake Malawi and along the Shire valley are most affected 
(Dzinjalamala, 2009). Children under five constitute about 50% of the total suspected malaria 
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cases and nearly 60% of all hospital deaths in children under five are as a result of  malaria 
and anemia (Connor et al., 2006). Understanding the determinants of malaria in children 
under five is also important in working towards achieving millennium development goal 4 
which states “reduce child mortality” (Net ODA, 2011).  
There is need to fully understand the determinants of malaria in order to reduce the burden 
that malaria puts on the health care system as well as the economic system. Being endemic in 
sub-Saharan Africa, there is need for adequate information about malaria for effective health 
policies to be put in place. Policies that the poor countries and communities can afford are 
vital as they will be easy to implement, compared to policies that require the intervention of 
donors.  
Studies carried out previously show that the environment (temperature, humidity and rainfall) 
is also an important driver of malaria (Kazembe et al., 2006a, Snow et al., 1999). 
Determining the spatial distribution of malaria is also important in ensuring that areas with 
high incidence are prioritized in the distribution of resources as well as in malaria prevention 
programs.  
 
Therefore, this study seeks to determine the environmental, spatial and behavioural 
determinants of malaria episodes in children less than five years in households in the country 
of Malawi in 2012 using malaria indicator survey (MIS) data that is accessible from the 
measure Demographic and Health Survey (DHS) website. 
 
1.4 Literature review 
1.4.1 Malaria transmission and illness 
Malaria is caused by four species of parasites of the genus Plasmodium that affect humans (P. 
falciparum, P. vivax, P. ovale, and P. malariae). Malaria is mainly found in tropical 
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areas(Mendis and Carter, 1995). Malaria due to P. falciparum is the most dangerous form and 
it is mainly found in Africa; P. vivax is less dangerous but more widespread, and the other 
two species are found much less frequently (World Health Organization). P. falciparum is 
responsible for almost all the malaria mortality cases in Sub-Saharan Africa and it is often 
stated that the continent bears over 90 percent of the global P. falciparum burden (Snow and 
Omumbo, 2006). Malaria infection is caused by mosquito bites and manifests itself in 
different ways. Severe malaria can result in severe anaemia, respiratory distress in relation to 
metabolic acidosis, or cerebral malaria. In adults, multi-organ involvement is also frequent. 
Immunity may develop in malaria endemic areas, resulting in mild infections to occur, 
particularly in adults. No clinical syndrome is entirely specific for malaria (Ayeni, 2011, 
World Health Organisation, 2011).  
1.4.2 Factors associated with malaria illness 
Malaria transmission is controlled by environmental factors which affect the intensity of 
distribution, seasonality and transmission (Snow and Omumbo, 2006). Malaria thrives in 
conditions that promote the growth of the vector of malaria which is the mosquito. Studies 
have shown that a dirty environment can result in increased malaria transmission (Cibulskis 
et al., 2011). Other factors are temperature, humidity, rainfall, forest clearance, agriculture 
and non-availability of insecticide treated mosquito nets (Cibulskis et al., 2011, Reiter, 2001), 
rainfall leaves pools of stagnant water that are good breeding for mosquitoes, clearing of 
forests results in light being able to penetrate into the forest and therefore providing ideal 
breeding for mosquitoes and in Malawi, firewood is the main source of fuel (Jumbe and 
Angelsen, 2011, Mapira and Munthali, 2011). This leads to the destruction of forests and 
thereby promoting mosquito breeding.  Agricultural methods that involve irrigation as well as 
the building of dams also promote the breeding of mosquitoes therefore these results in 
increased malaria transmission (Reiter, 2001, Cibulskis et al., 2011). All these factors 
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promote malaria illness as these result in increased chances of a person being bitten by 
mosquitoes.  
 
Another study suggested that temperature, rainfall and humidity cannot be looked at in 
isolation but there is need to also investigate the behavior of humans (Reiter, 2008). Human 
behaviour seems to play a role in making sure that the ideal conditions for mosquito breeding 
are met therefore there is need to control for human behaviour in order to ensure that malaria 
illness is adequately controlled.  
 
Socio-economic status (SES), immunization, knowledge, humidity and temperature and 
general under nutrition also play a role in increasing malaria illness and mortality. Nutrition 
is linked to economic status if one is economically sound then they are able to provide 
adequately for themselves and therefore resulting in a well-nourished body. A well-nourished 
body is immune competent to fight off malaria infection by mounting an adequate response to 
infection as compared to an immune vulnerable  undernourished body (Caulfield et al., 2004). 
Malaria severely affects nutrition by limiting food intake through lack of appetite and 
vomiting; Nutritional status also affects responses to anti-malarial medication (Hess et al., 
1997) resulting in drug resistance. Approximately 67% of anaemia cases in children in 
malaria-endemic countries are thought to be the result of malaria (Bates et al., 2004a). Health 
status is also linked to economic status and malaria is also affected by the economic status of 
an individual as well as country (Stratton et al., 2008). A poor economic status results in 
inadequate health care facilities and therefore increasing vulnerability of the population to 
malaria. A review of literature on SES and malaria showed that malaria and low SES were 
interlinked (Worrall et al., 2005).  
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Age and gender are the other important factors that are also associated with malaria illness 
with the majority of malaria illness and deaths occurring in children under the age of five. 
Studies carried out in Gabon and Tanzania showed that children over the age of five were 
most at risk in the transmission of malaria (Mawili-Mboumba et al., 2013, Winskill et al., 
2011). In the Tanzania study, males were more at risk of malaria illness compared to females 
(Winskill et al., 2011). A study carried out in rural Nigeria did not show any difference 
between the sexes but showed that prevalence of malaria was highest in 11 to 20 years age 
group (Kalu et al., 2012).  Another study carried out in Kenya showed that parasitaemia 
decreased with age with children in the 1-4 year age group having the highest prevalence at 
83% and decreasing to 60% in the 10-14 year age group (O'Meara et al., 2008). In Malawi it 
has been shown that children under five carry the heaviest burden of malaria (Dzinjalamala, 
2009), this is because their immune system is not yet fully developed. 
 
Studies also suggest that location also plays an important role in malaria transmission. In one 
study carried out in Ethiopia, clustering or hot spots of malaria were revealed (Yeshiwondim 
et al., 2009). Another study carried out in Ghana showed that distance from a water body 
plays an important role in malaria prevalence (Prosper and Duker, 2012). A review of 
literature on factors that influence vulnerability to malaria showed that malaria is climate 
sensitive (Bates et al., 2004b). Altitude is also another factor that has been shown to be 
important in malaria transmission, with low lying areas being at a higher risk compared to 
higher altitude areas (Abeku et al., 2003, Okello et al., 2006, Drakeley et al., 2005b, 
Kazembe, 2007, Alegana et al., 2014).This shows that spatiality is an important aspect in 
malaria transmission.  
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1.5 Thesis framework 
Based on the conceptual framework shown below, three themes that concern public health 
policy and interventions have been extracted:  
 Determinants of malaria morbidity in children under five years of age. 
 Direct and indirect determinants of malaria morbidity in children under five 
years of age. 
 Structured and unstructured spatial modelling of malaria morbidity in resource 
limited settings. 
 
Figure 1-2 below shows the conceptual diagram of the possible associations between malaria 
and the different determinants of malaria morbidity. 
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Figure 1-2: Conceptual diagram illustrating the possible association between malaria 
episodes in households and behavioural, environmental and spatial factors 
 
Table 1.1 below shows detail on how the themes link up with the papers and the fields of 
Epidemiology and Biostatistics. 
Demographic factors: 
Age 
Sex 
 
 
 
Behavioural factors 
 Type of mosquito bed net 
 Mother’s knowledge of 
malaria 
 Mother’s highest education 
level 
 Nutrition 
 HIV 
 
Outcome 
Blood smear positive result 
Environmental factors 
 Average rainfall 
 Temperature Suitability 
Index 
 Enhanced vegetation index 
 cluster altitude 
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Table 1-1: Thesis papers titles, status, comparative features and summary of key results. 
   
Paper Title, type and status Key comparative features of 
papers: Design, sample-size, 
outcome and explanatory 
variables  
Analyses methods used and 
duration of computing 
Key result findings 
1  - Direct and indirect 
determinants of childhood (0 
to under 5 years) malaria 
morbidity in Malawi using 
Malaria indicator survey data 
for 2012 
 
- Application  
 
Submitted to Malaria 
Journal. 
Cross-sectional, propensity 
score matched data had 1 325 
children. The outcome was a 
positive laboratory blood smear 
result for malaria. Behavioural 
determinants were explanatory 
variables 
Statistical modelling using 
logistic regression as well as 
generalized structural equation 
modeling (G-SEM) (took 3 days 
computing duration) 
The matched data had 1 325 
children with 367 (24.3%) having 
blood smear positive malaria. 
Child related variables (age, 
haemoglobin and position in 
household) as well as wealth 
index were significant (directly 
and indirectly) 
2 - Spatial and socio-economic 
effects on malaria morbidity 
in children under 5 years in 
Malawi in 2012  
 
-Application and 
Methodology  
 
Journal to be advised. 
Cross-sectional, 1 900 
households  from 140 clusters, 
outcome number of confirmed 
malaria cases per household 
Structured and unstructured 
random effects of malaria 
morbidity. Inference done using 
Bayesian MCMC for spatial 
models (took 7days computing 
duration).  
1878 households in 140 clusters. 
The spatially structured effects 
accounted for more than 90% of 
random effects. 
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1.6 Aim and specific objectives 
The aim of the study was to describe and analyse environmental, spatial and behavioural 
determinants of malaria episodes in children less than five years in households in the 
Malawian population in 2012. 
 
 Specific objectives  Paper 
1. To describe demographic, behavioural and 
environmental factors associated with malaria episodes 
in children less than five years in households in Malawi 
in the year 2012 
 
 Paper 1:   Direct and indirect determinants 
of childhood (0 to under 5 years) malaria 
morbidity in Malawi using Malaria indicator 
survey data for 2012 
 
2. To investigate the determinants of malaria episodes in 
children under five years in Malawi in 2012. 
 Paper 1:   Direct and indirect determinants 
of childhood (0 to under 5 years) malaria 
morbidity in Malawi using Malaria indicator 
survey data for 2012 
 
3. To investigate and compare spatial distribution of 
malaria episodes in households in Malawi in 2012. 
 
 Paper 2 :  Spatial and socio-economic 
effects on malaria morbidity in children 
under 5 years in Malawi in 2012  
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1.7 Ethical considerations 
This study was granted ethics approval by the University of the Witwatersrand’s Human 
Research Ethics Committee (Medical) (Clearance Certificate No. M130962). Approval 
to use the MIS data was obtained from the measure DHS website. The primary study, 
where the data was collected, verbal informed consent for testing of children was 
obtained from the child’s parent or guardian at the end of the household interview. The 
survey was also anonymised so that household or individual information is not 
identifiable(Ministry of Health et al., 2012) .  
 
1.8 Organisation of the research report 
The rest of the research paper is organized as follows:  
 In chapter 2 we present the paper on direct and indirect determinants of malaria 
morbidity in children under five in Malawi in the year 2012. 
 In Chapter 3 we present the paper on the effect of unstructured and structured 
spatial random effects on socio-demographic as well as environmental factors on 
malaria morbidity in children under five in Malawian households in the year 
2012 
 In Chapter 4 we present the discussion, conclusions and recommendations from 
this study 
 Appendices show the code used for analysis, the run-times, WinBUGS maps and 
copy of the Human research ethics clearance certificate 
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Abstract  
 
Introduction 
Children under the age of five are most vulnerable to malaria (malaria is a major health challenge 
in sub-Saharan Africa) with a child dying every 30 seconds from malaria. Hampered socio-
economic development, poverty, diseconomies of scale, marginalization, and exploitation are 
associated with malaria. Therefore establishing determinants of malaria in affected sub-Saharan 
populations is important in order to come up with informed interventions that will be effective in 
malaria control, our study focuses on Malawi. 
 
Materials and methods 
The study was a secondary data analysis of survey data from the Malawi 2012 Malaria indicator Survey 
obtained from Demographic and Health Survey (DHS) program website. The outcome variable was 
positive laboratory based blood smear result for malaria in children less than five years, after an initial 
positive rapid malaria diagnostic test done at the homestead. We controlled for socio-demographic 
determinants, confounders after propensity score matching to reduce selection bias. Statistical modelling 
was done using survey logistic regression as well as generalized structural equation modeling (G-SEM) to 
analyse direct and indirect effects of malaria morbidity. 
 
Results  
The propensity score matched data had 1325 children with 367 (24.3%) having blood smear 
positive malaria. Female children made up approximately 53% of the total study participants. 
Child related variables (age, haemoglobin and position in household) and household wealth 
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index were significant directly and indirectly. Further on G-SEM based multivariable analysis 
showed socio-economic status (SES) [Odds ratio (OR) = 0.96, 95% Confidence interval (CI) = 
0.92, 0.99] and primary level of education [OR = 0.50, 95%CI = 0.32, 0.77] were important 
direct and indirect determinants of malaria morbidity. 
 
Discussion and conclusion 
Socio-economic status (directly and indirectly) and education are important factors that influence 
malaria control. Effective malaria control programs must consider these factors in coming up 
with control strategies. Direct and indirect effect modelling can also provide an alternative 
modelling technique that incorporates indirect effects that might not be of significance when 
modelled directly. This holistic approach is useful in improving malaria control. 
 
 
Key words 
Childhood malaria, Direct determinant, Indirect determinant, Propensity score matching, Structural 
equation modelling 
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2.1 Introduction  
 
Malaria causes illness and death mainly in the poorest countries of the world (Mhalu, 2005). 
Most poor countries in sub-Saharan Africa are affected, with nine out ten cases of the global 
malaria morbidity (Dzinjalamala, 2009). This makes it one of the most important global health 
problems (World Health Organization). Malaria is a serious problem in developing countries and 
this is acknowledged by United Nations (UN) as the millennium development goal 6 aims to 
“Combat HIV/AIDS, malaria and other diseases” and millennium development goal 4 targets to 
“reduce child mortality” (World Health Organization) . Addressing the challenge of malaria in 
developing countries will significantly address these two millennium development goals. In areas 
that are malaria endemic, children less than five years of age are the most vulnerable to malaria 
infection, the World Health Organisation (WHO) records that every 30 seconds a child in this 
age group dies of malaria (World Health Organization). A  report on the global impact of malaria 
produced by the Centers for Disease Control (CDC) and prevention stated that children under the 
age of five accounted for 86% of all the malaria deaths reported in 2010 (CDC). More than 3 
billion people live in malaria endemic areas and the disease causes between 1 million and 3 
million deaths each year (Herrero et al., 2007, Snow et al., 2003b) with approximately 80% of 
cases and 90% of deaths estimated to occur in the sub-Saharan Africa (Breman et al., 2004).  
 
Malaria is endemic and a major public health problem to Malawi, a low income country that is in 
sub-Saharan Africa (Dzinjalamala, 2009, Lowe et al., 2013). It is estimated that Malawi 
experiences about 6 million episodes of malaria annually (Snow et al., 2003b). In the year 2010, 
malaria accounted for the third highest number of deaths in the country (Institute for Health 
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Metrics and Evaluation, 2012).  In 2011 according to WHO, Malawi experienced 5 338 701 
episodes of malaria (World Health Organization, 2012). 
 
Malaria is caused by Plasmodium parasites (P. falciparum, P. vivax, P. ovale, and P. malariae) 
(Breman, 2001). It is transmitted through the bite of a plasmodium carrying anopheles mosquito 
(Snow and Omumbo, 2006). Transmission is mainly determined by climatic factors: temperature, 
humidity, and rainfall (Patz and Olson, 2006). Other factors that also determine transmission 
include socio-economic status, knowledge on malaria prevention methods as well as access to 
health services (Somi et al., 2007). The extent and distribution of these factors influence the 
prevalence rate. Transmission is highest in areas of high temperature and frequent rainfall from 
October through April (Price et al., 2001). 
 
Malaria is a disease and cause of poverty and has determinants of vulnerability (Snow et al., 
2003b), because poor communities cannot afford malaria prevention and treatment tools as well 
as housing that is protective from mosquitoes (The Global Poverty Project). According to a 
report on the epidemiological profile of malaria and its control in Malawi (Okiro et al., 2014), 
the country is low-income and is amongst one of the poorest nations of the world. Poverty levels 
are extremely high with about 65% of the population being classified as poor (Word Bank, 
2013).In 2012, Malawi was classified as one of the ten poorest countries in the world (Heilig, 
2012). Also urbanisation is very low in Malawi (Okiro et al., 2014).Therefore, there is need to 
fully understand the determinants of malaria in order to reduce the burden that malaria puts on 
the health care system due to the poverty levels. Identifying direct and indirect determinants of 
malaria in a low income malaria endemic country will assist in the identification of important 
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determinants of the disease and this will help in the development of health programs that target 
those determinants in order to effectively reduce the burden of malaria with the available 
resources and also inform health policy (Guerra et al., 2008). Policies that the poor countries can 
afford are important as they may be easier to implement (Feachem et al., 2010). 
 
The aim of this paper is to investigate the direct and indirect determinants of malaria morbidity 
in the under 5 year olds using pathway analysis using data from Malawi malaria indicator survey 
collected in 2012. This age group was selected as it is the most vulnerable age group to malaria 
in malaria endemic areas (World Health Organization). 
 
 
2.2 Materials and methods 
2.2.1 Study area 
Malawi (figure 2-1) is a country in southern Africa that has an area of approximately 120 
000km
2
 and is bordered by Zambia to the west, Mozambique to the south and Tanzania to the 
north of the country (Lowe et al., 2013). The presence of many water bodies especially on the 
eastern side makes the nation vulnerable to malaria morbidity and mortality. 
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Figure 2-1: Map of Malawi showing districts as well as the major water bodies 
 
 
 
 
  
 
Chapter 2 – page 35 
 
2.2.2 Malawi Malaria Indicator Survey Data  
The malaria data used in this study were obtained from the 2012 malaria indicator survey (MIS) 
and were obtained from the Demographic and Health Survey (DHS) program website. The 
original study collected data on basic demographic and health indicators, malaria prevention, 
treatment and morbidity. A total of 3,500 households were selected for data collection. A two 
stage cluster sampling technique was used to select the households. The first stage selected 140 
enumeration areas (EAs) with 96 from rural areas and 44 from urban areas. At the second stage, 
25 households per EA were selected. The data were obtained through use of a household 
questionnaire that collected housing characteristics, and identified all household members and 
their basic characteristics. Data for children less than five were collected from their mothers. 
Population sampling adjustments weights were done for the 140 clusters (EAs) to account for 
differences due to the unequal proportions selected per cluster (Ministry of Health et al., 2012, 
Lowe et al., 2013). Malaria morbidity on children under five at the households was tested using a 
rapid malaria diagnostic test and those who tested positive had their blood collected for a 
confirmatory blood smear laboratory test (Ministry of Health et al., 2012). A positive blood 
smear laboratory test was used as the main outcome variable in our data analysis. The variables 
used were region, type of place of residence, cluster altitude, wealth index of household, position 
of child in the family, child’s age in month, use of mosquito bed net the previous night before the 
study, mother’s knowledge of malaria, mother’s level of education, child’s altitude adjusted 
haemoglobin level and time to get to the source of water. The sample size was determined during 
the primary study; we established that data we used had a greater than 80% power.  
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2.2.3 Statistical analysis methods  
Since the data were observational, we adjusted for selection bias using propensity score matching 
on some unbalanced selected variables (Austin, 2011, Sarna et al., 2013). Matching cases and 
controls helps to balance known confounders (Peikes et al., 2008, Caliendo and Kopeinig, 2008). 
Caliper matching was used to match the data. As a proxy for use of preventative methods in 
malaria control, we utilized the variable on use of mosquito bed net the previous night by 
children under five. This was then used as the treatment variable and propensity scores were 
extracted post multivariable logistic regression. Figure 2-2 shows the propensity scores that were 
calculated to adjust for differences in use of mosquito bed nets amongst the study participants. 
(Rubin and Thomas, 1996).  
 
Figure 2-2: Graph showing Propensity scores that were calculated to adjust for differences 
in use of mosquito bed nets amongst the study participants 
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Survey adjusted bi-variate analyses, namely Pearson’s Chi-Square and Student’s t-test were 
carried out. Variables that were selected for multivariable analysis were based on their 
significant association with the outcome variable. Smear positive malaria result was modeled 
using survey logistic regression in order to determine the associations between the independent 
variables that were selected for analysis. Clustered robust method was used in analysing the data 
and the cluster was the primary sampling unit also used as the weighting variable. Generalized 
structural equation modelling (G-SEM) was used to model the direct and indirect pathways 
(Ullman and Bentler, 2003). This direct and an indirect model was developed to analyse the 
complex relationships between selected variables and the pathways that the authors 
conceptualized as having had an impact on a child having malaria in a household in 2012. All 
statistical analyses for this paper were carried out using Stata
®
13.1 (Copyright 1985-2013, 
StataCorp LP). 
 
2.2.4 Ethics approval 
This study was granted ethics approval by the University of the Witwatersrand’s Human 
Research Ethics Committee (Medical) (Clearance Certificate No. M130962). Approval to use the 
MIS data was obtained from the measure DHS website. The primary study, where the data was 
collected, verbal informed consent for testing of children was obtained from the child’s parent or 
guardian at the end of the household interview. The survey was also anonymised so that 
household or individual information is not identifiable(Ministry of Health et al., 2012) .  
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2.3 Results 
The total number of children who were used in the study was 1 898 and their ages ranged from 6 
months to 59 months with a mean age of 32.06 months. This was the number of children who 
were tested for malaria using a laboratory based test, of whom 468 (24.7%) had a positive result 
for malaria and 1 430 (75.3%) had a negative result for malaria. The Central Province had 53.3% 
of the total cases; the Southern Province had 37.4% and the Northern Province had 9.3% of total 
cases. There were less children [522 (27.1%)] from urban areas compared with children from the 
rural areas [1 376(72.9%)]. Female children made up approximately 53% of the total study 
participants. Most of the mother’s in this study had no education (71.7%) but 55.4% of the 
mothers were able to read whole sentences. 
In the matched data, a total of 1 392 children were analysed with 367 (27.7%) having blood 
smear positive malaria and 1 025 (72.3%) having no malaria. Table 2-1 shows the descriptive 
statistics for both matched and unmatched data that were selected for analysis looking at the 
association between the selected variable and positive blood smear for malaria. An association 
was considered significant if it had a p-value of less than 0.05.  
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Table 2-1: Descriptive statistics of the variables of interest (initial and propensity matched 
data) 
Independent variables                  Unmatched data         Propensity score matched data 
Variable Category  Blood smear 
positive (n = 
468(24.7%)) 
Blood smear 
negative (n = 
1430 (74.9%)) 
test statistic 
( p-valuea) 
Blood smear 
positive [n =367 
(24.3%)] 
Blood smear 
negative [n = 
958 (75.7%)] 
test 
statistic ( 
p-value) 
*Child’s age 
in months 
mean  ± SE 34.79±0.56 31.25±0.40 t = -5.08 
(<0.001) 
34.7±0.64 31.7±0.52 t=-3.60 
(<0.001) 
Position of 
child in 
household 
1 
2 
3 
290 (54.1%) 
168 (32.6%) 
66 (13.3%) 
1103 (68.0%) 
311 (20.2%) 
174 (11.8%) 
χ2 = 11.17 
(<0.01) 
224(59.8%) 
135 (38.1%) 
8 (2.1%) 
723 (74.3%) 
217 (24.0%) 
18 (1.7%) 
χ2 = 7.20 
(<0.001) 
Child’s 
altitude 
adjusted 
haemoglobin 
level 
 
 
mean  ± SE 
 
 
9.2±0.96 
 
 
10.4±0.56 
 
 
t = 11.90 
(<0.01) 
 
 
9.2±0.91 
 
 
10.3±0.63 
 
 
t=10.7 
(<0.001) 
*Children 
under 5 slept 
under 
mosquito bed 
net last night 
 
No  
Yes  
 
204 (41.3%) 
262 (58.7%) 
 
488 (34.1%) 
938 (65.9%) 
 
χ2 = 1.89 
(0.15) 
 
184 (47.4%) 
183 (52.6%) 
 
 
481 (48.8%) 
477 (51.2%) 
 
χ2 = 0.36 
(0.691) 
  
*Region  
 
Northern 
Central 
Southern 
60 (9.3%) 
234 (53.3%) 
174 (37.4%) 
266(15.4%) 
525 (38.0%) 
639 (46.6%) 
χ2 = 3.64 
(0.01) 
47 (9.6%) 
181 (51.4%) 
139 (39.0%) 
176 (15.4%) 
348 (36.6%) 
434 (48.1%) 
χ2 = 3.27 
(0.015) 
Type of place 
of residence  
Urban 
Rural 
54(5.0%) 
414(95.0%) 
468(16.4%) 
962(83.6%) 
χ2 = 9.82 
(<0.01) 
48(5.9%) 
319 (94.1%) 
278(14.3%) 
680(85.7%) 
χ2 = 5.96 
(0.003) 
Cluster 
altitude 
(kilometres) 
mean  ± SE 0.90 ±0.03 0.89±0.03 t = -0.49 
(0.623) 
0.90 ± 0.03 0.88 ± 0.03 t = -0.43 
(0.667) 
*Mother’s 
highest 
education 
level 
None 
Primary  
Secondary  
415 (88.9%) 
47 (9.9%) 
6 (1.2%) 
949 (73.1%) 
361 (21.5%) 
120 (5.4%) 
χ2 = 7.30 
(<0.01) 
329 (89.6%) 
34 (9.3%) 
4 (1.1%) 
700 (78.8%) 
221 (18.9%) 
37 (2.3%) 
χ2 = 3.54 
(0.012) 
Mother has 
heard of 
malaria 
No 
Yes  
47(10.5%) 
421(89.5%) 
62(4.9%) 
1368(95.1%) 
χ2 = 4.27 
(0.02) 
38(11.0%) 
329(89.0%) 
50(5.9%) 
908(94.1%) 
χ2 = 3.09 
(0.048) 
*Wealth 
index score 
mean  ± SE -5.58 ± 0.25 -2.47 ±0.32 t = 8.05 
(<0.01) 
-5.68 ± 0.35 -3.56 ± 0.36 t = 6.41 
(<0.001) 
*Time in 
hours to get 
to water 
source 
 
Mean  ± SE 
 
5.23 ±0.52 
 
6.63 ±0.47 
 
t = 2.71 
(<0.01) 
 
5.05 ± 0.55 
 
6.18 ± 0.49 
 
t = 1.92 
(0.057) 
*variables that were used in propensity score matching         a significance was calculated at 5%         
SE (standard error) 
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Univariate and multiple variable analyses were done to establish the relationships between blood 
smear positive malaria and selected variables and how they influence blood smear positive 
malaria in children under 5 years old. The results are shown in table 2-2.  
Table 2-2: Univariate and multiple variable analyses results of unmatched data 
 Univariate analysis Multivariable analysis 
Variable 
 
Odds ratio(95% CI), p-value 
  
Odds ratio(95% CI), p-value 
 
Child’s age in months 
 
1.02(1.00, 1.02) ,<0.01 1.03(1.02, 1.04) ,<0.01 
!Child’s position in household 
1 
2 
3 
 
1.00 
2.03(1.59, 2.60), <0.01              
1.46(1.08, 1.99), 0.02    
 
1.00 
1.43(1.04, 1.96), 0.03 
0.99(0.40, 2.45), 0.98    
Child slept under mosquito bed net  
No  
Yes  
 
 
1.00 
0.74(0.54, 1.03), 0.07      
 
 
1.00 
 0.77(0.60, 0.99), 0.04 
Child’s haemoglobin level 0.95(0.95, 0.96), <0.01 
  
0.95(0.94, 0.96), <0.01 
  
Region  
Northern 
Central 
Southern 
 
1.00 
2.43(1.24, 4.74), 0.01 
1.36(0.69, 2.68) ,0.89    
 
1.00 
1.79(1.24, 2.59), <0.01 
0.89(0.58, 1.39), 0.62       
Type of place of residence 
Urban 
Rural  
 
1.00 
3.87(2.22, 6.73),<0.01 
 
1.00 
1.83(1.18, 2.83), <0.01 
Cluster altitude in kilometres 1.11(0.63, 1.96), 0.73   
  
0.72(0.45, 1.12), 0.15  
 
Mother’s highest education level 
None 
Primary  
Secondary  
 
 
1.00 
0.40(0.28, 0.57) ,<0.01 
0.18(0.08, 0.42), <0.01         
 
 
1.00 
0.53(0.37, 0.76), <0.01 
0.57(0.23, 1.47), 0.25   
Wealth index score 
  
 0.90(0.87, 0.94) ,<0.01 
  
0.95(0.93, 0.98), <0.01 
  
Time to water source 0.98(0.96, 1.00), 0.01   0.97(0.96, 0.99), <0.01   
* The indirect effect  of cluster altitude on malaria was calculated by multiplying the OR of altitude on region and OR of region on 
smear and adding this to the product of OR of altitude on type of place of residence and OR of  type of place of residence on smear 
! The position of child is for births in the last five years 
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Table 2-2 shows results of the univariate survey logistic regression, multiple variable survey 
logistic regression as well as the results of the G-SEM. The table 2-3 below shows the results of 
the propensity score matched results of the same data.  
These results from logistic regression model as well as the generalized structural equation 
modelling show that socio-economic status (SES) represented by wealth index; region, time to 
water source, mother’s highest level of education, child haemoglobin level (OR= 0.95 CI = 0.94, 
0.96) as well as child’s age were important determinants of malaria episodes in children aged 
between 6 and 59 months in Malawi in the year 2012. Of these, SES, child’s age, rural residents, 
central region residents and child’s haemoglobin level had p values less than 0.01. Age also 
showed (OR = 1.03 CI = 1.02, 1.04) that positive blood smear malaria increased with increasing 
age and the analysis on the position of the child showed that a child in the second position was 
almost one and half times likely (OR = 1.43 CI = 1.04, 1.96) as a child in first position to get 
malaria. Time to water source was also significant in this study (OR = 0.97 CI = 0.96 - 
0.99).Table 2-3 shows the matched results of both univariate and multiple variable analysis. 
 
 
 
 
 
 
 
 
  
 
Chapter 2 – page 42 
 
Table 2-3: Propensity score matched univariate and multivariable results 
            Univariate analysis         Multivariable analysis G-SEM direct effects G-SEM indirect effects 
Variable 
Category  
Odds ratio(95% CI), p-
value 
Odds ratio(95% CI), p-
value 
Odds ratio(95% CI), p-
value 
Odds ratio(95% CI), p-
value 
Child’s age in months 1.01(1.01, 1.02), <0.01 
  
1.03(1.02, 1.04) ,<0.01 
  
1.03(1.02, 1.04), <0.01  
Position of child in 
household 
1 
2 
3 
 
 
1.00 
1.91(1.39, 2.63), <0.01 
1.73 (0.73, 4.09), 0.21    
 
 
1.00 
1.49(1.05, 2.10), 0.02 
1.12(0.41, 3.08), 0.82 
 
 
1.00 
1.49(1.04, 2.14), 0.03 
1.12(0.42, 2.99), 0.82 
  
 
 
1.03(1.01, 1.05), <0.01 
Child’s altitude adjusted 
haemoglobin level 
0.95(0.94, 0.96), <0.01 
  
0.94(0.93, 0.95), <0.01 
  
 0.94(0.93, 0.95), <0.01 
 
  
Children slept under 
mosquito bed net  
No  
Yes  
 
 
1.00 
1.07(0.77, 1.50), 0.69        
 
 
1.00 
 0.77(0.58, 1.01), 0.06 
 
 
1.00 
0.77(0.56, 1.04), 0.09 
 
 
 
 
 
Region  
Northern 
Central 
Southern 
 
1.00 
2.33(1.22, 4.48), 0.01 
1.32(0.69, 2.56), 0.394      
 
1.00 
1.92(1.26, 2.92), <0.01 
0.96(0.58, 1.59), 0.88 
 
1.00 
1.92(1.03, 3.55), 0.04 
0.96(0.48, 1.91), 0.91 
  
Type of place of residence 
Urban 
Rural  
 
1.00 
2.74(1.55, 4.88), <0.01 
 
1.00 
1.58(0.97, 2.56), 0.07 
 
1.00 
1.58(0.84, 2.94), 0.15 
 
Cluster altitude in 
kilometres 
1.11   (0.59, 2.06), 0.75 
 
0.75(0.44, 1.29), 0.30 0.75(0.31, 1.84), 0.53 1.24(0.87, 1.62), <0.01 
Mother’s highest education 
level 
None 
Primary  
Secondary  
 
 
1.00 
0.45 (0.31, 0.66), <0.01  
0.40 (0.14, 1.19), 0.10         
 
 
1.00 
0.50(0.32, 0.77), <0.01 
0.71(0.20, 2.52), 0.60 
 
 
1.00 
0.50(0.32, 0.76), <0.01 
0.71(0.19, 2.71), 0.62 
  
 
 
0.50(0.28, 0.71), <0.01 
Wealth index score  0.91(0.88, 0.95), <0.01 
  
0.96(0.92, 0.99), 0.01 0.96(0.92, 0.99), 0.01 
 
Time to get to water source 0.98   (0.96, 1.00), 0.07 
 
0.97  (0.95, 0.99) ,<0.01  
  
0.97  (0.95, 0.99) ,<0.01  
 
 
 
Table 2-3 shows that type of place of residence (urban or rural) has a significant effect on 
childhood malaria. Those who stay in the rural areas were more likely to have a positive blood 
smear  result for malaria as compared to their counterparts in the urban areas (OR = 1.83 CI = 
1.18, 2.83 ). Region of residence was also an important factor in this study (p = <0.01). The 
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central region of Malawi was the most affected with a 79% greater odds of malaria morbidity 
compared to the northern and southern regions (1.79(CI = 1.24, 2.59)). 
 
Figure 2-3: G-SEM path diagram showing coefficients from binomial logistic regression 
analysis of the direct effects of selected random variables on a blood smear positive malaria 
result in children under five in Malawi in 2012. 
 
The results of the G-SEM show both direct and indirect effects on the variable blood smear 
positive malaria. The figures 2-3 and 2-4 show the G-SEM models. Figure 2-3 showing the 
direct G-SEM and figure 2-4 showing the indirect G-SEM. Exogenous variables; rural area 
means type of place of residence and primary education represents mother’s level of education. 
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Figure 2-4: G-SEM path diagram of selected random variables showing both direct and 
indirect pathways related to blood smear positive malaria results for children less than five 
years in Malawi in 2012.  
 
 
The indirect effects were modelled on the variables; cluster altitude, mother’s highest education 
level and the wealth index score. Cluster altitude and knowledge of malaria were identified as 
variables that can indirectly affect malaria morbidity in children less than five. 
 
Strengths and limitations 
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Strengths and limitations were looked at with regards to data, study design, confounding, 
measurement of outcome as well as the robustness of analysis (Musenge et al., 2013b). Some of 
the study limitations were that the data could not be verified and was used as it was and this 
might have limited the analysis as well. Multi-collinearity was another limitation of the study as 
some variables could not be used and were dropped from the multivariable analysis; this might 
have resulted in loss of useful information and might have affected the interpretation of the 
results. In this study, we used data from a cross sectional study so although the study was 
looking at episodes of malaria, cross sectional studies mainly measure prevalence and not 
incidence. This therefore limited the interpretation of the associations that were observed during 
data analysis. There was no temporal sequence that could be ascertained from this type of study 
design. This study was a secondary data analysis therefore the data used in this study was 
collected for other purposes and not for the purposes of this study therefore this could have 
affected the quality of the results that were produced. 
 
Strengths of the study were our use of propensity score matching in order to deal with selection 
bias and ultimately confounding. Cases and controls were matched according to propensity 
scores with insecticide treated mosquito net usage as the matching variable. This variable was 
selected because it had the potential of confounding the outcome.  
The outcome was based on a rapid diagnostic test result as well as a laboratory test result for 
malaria so this was strength of the study in that the outcome was based on laboratory confirmed 
results and not affected by recall bias.  
We also used survey adjusted multiple logistic regression as well as structural equation modeling 
in our analysis to cater well for direct and indirect determinants. 
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2.4 Discussion and conclusion  
 
SES is an important determinant of malaria and other studies (Snow et al., 2003a, Messina et al., 
2011, The Global Poverty Project) also showed that SES is an important factor in malaria 
episodes. As mentioned earlier malaria is a disease of poverty (Snow et al., 2003a, Akazili et al., 
2008) so this finding compliments what other studies have shown with regards to this particular 
variable on malaria morbidity. One review article on economic and social burden of malaria 
stated that malaria thrives in poor countries (Sachs and Malaney, 2002). The results from this 
study support this review because Malawi has a low GDP(United Nations); this means malaria 
puts an extra burden on the government as well as an extra burden on the population in terms of 
accessing healthcare. The government needs to ensure that the resources are available for 
diagnosis as well as treatment and the population must have the necessary financial means in 
order to access the treatment(Sachs and Malaney, 2002). If the population cannot afford this 
treatment, then the government is forced to provide the treatment at affordable costs and this 
might affect the government’s self sufficiency. Since malaria is endemic in Malawi; the 
government needs to put in place measures to control malaria. These include providing 
insecticide treated mosquito nets, indoor residual spraying as well as providing anti-malaria 
tablets(Okenu, 1999) and these activities strain the budget of the country and other economic 
building activities will not be prioritized and therefore this affects the overall development of the 
country. In order to balance the spending on malaria treatment and the spending on other 
developmental activities, it is important for the country to know the malaria trends so that the use 
of resources is optimized.  
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GDP also affects nutrition, because nutrition is linked to economic status if one is economically 
sound then they are able to provide adequately for themselves and therefore resulting in a well-
nourished body. A well-nourished body is better able to fight malaria infection by mounting an 
adequate response to infection as compared to an undernourished body (Caulfield et al., 2004). 
Health status is also linked to economic status and malaria is also affected by the economic status 
of an individual as well as country (Stratton et al., 2008). A poor economic status results in 
inadequate health care facilities and therefore increasing vulnerability of the population to 
malaria. 
 
Type of place of residence as well as region could be linked to the altitude, where some studies 
(Drakeley et al., 2005a, Hay et al., 2004, Lindsay and Martens, 1998) found an effect on malaria 
prevalence depending on the altitude. It is important for the government to know the areas that 
are malaria “hotspots” so that malaria prevention resources can be allocated to the areas that 
have higher malaria morbidity as compared to the rest of the country. Malaria endemicity is also 
influenced by temperature and rainfall and altitude also influences temperature and rainfall 
(Cibulskis et al., 2011, Reiter, 2001), this is explored in our further work using spatial modelling. 
Water bodies especially stagnant water sources (Cibulskis et al., 2011, Reiter, 2001)are known as 
breeding places for mosquitoes therefore this study showed that those who were nearer to water 
sources were at a higher risk for malaria. 
 
Education level of the mother also showed significance (p = <0.001). The results showed that the 
more educated a mother was, the less likely the child was to have malaria. This could be due to 
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the fact that an educated mother better understands information on malaria and are more likely to 
implement properly the preventive measures that they are taught. And also that educated mothers 
a more likely to be employed or be entrepreneurs, hence getting income to sustain the family and 
children better. 
Child related variables (haemoglobin level, position of child and age of child) were also 
significant in influencing malaria in children under five. Studies(Price et al., 2001, Oladeinde et 
al., 2012, Takem et al., 2010, Carneiro et al., 2006) have shown that anaemia is a complication of 
malaria so this study confirms this and children with a low haemoglobin level had higher 
chances of having malaria as compared to children with normal haemoglobin levels From the 
descriptive statistics only 32.3% were not anemic and this might be linked to the low SES 
resulting in poor nutrition (Caulfield et al., 2004). 
The G-SEM’s indirect pathways also showed a significant association between cluster altitude 
and region as well as between SES and education level. G-SEM was used in this study to 
complement the results from the multiple variable analysis and the results showed that the 
multiple variable analysis and the G-SEM direct pathways show similar results. G-SEM can help 
in diagrammatically conceptualizing the effects of the determinants on the outcome and this 
helps in analysis where the variables can then be separated into those with a direct effect on the 
outcome and those with an indirect effect on the outcome. This will help to explain better some 
factors that might not directly affect the outcome, and inform policy on adopting indirect and 
direct approaches to dealing with the disease in children. 
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It is important to understand the determinants of malaria so that effective monitoring and 
evaluation of malaria can be carried out. This study showed the importance of socio-economic 
status as well as education in the fight against malaria. In order for malaria to be eliminated in 
the population it is important for the government to empower the population economically and 
also ensure that health education is a part of the efforts that are put in place to fight malaria. This 
will assist in the fight to eliminate malaria. It is important to ensure that resources are channeled 
in order to optimize prevention strategies that are put in place. Once the population is 
empowered, then preventative strategies for malaria elimination can then be implemented 
successfully and if the population is educated, then it is able to understand better the strategies in 
place and implement them successfully. The other important determinates also are linked to 
socio-economic status, therefore reduction of poverty will go a long way in the fight to eliminate 
malaria. 
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Abstract 
Introduction 
Malaria is a major health challenge in sub-Saharan Africa with children under five being most 
vulnerable to it. Therefore it is important to identify malaria hotspots as this will be important in 
having targeted preventative interventions. 
 
Materials and methods 
This study analysed malaria morbidity using data from the Malawi 2012 Malaria Indicator 
Survey that were obtained from the Demographic and Health Survey (DHS) program website 
which captured malaria related information on children under age of five. Poisson regression was 
done to determine associations between the outcome (number of children under five positive for 
malaria in household) and selected explanatory variables and we then introduced a structured and 
unstructured random effect using Bayesian geostatistical modelling to measure the spatial effects 
on those selected variables. 
 
Results  
There were a total of 1878 households in 140 clusters. The total number of children under age of 
five was 1900. The spatially structured effects accounted for more than 90% of random effects as 
these had a mean of 1.32 (95% Credible Interval (CI) =0.37, 2.50) whilst spatially unstructured 
had a mean of 0.10(CI=9.0x10
-4
, 0.38). The spatially adjusted significant variables on malaria 
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morbidity were; type of place of residence (Urban or Rural) [posterior odds ratio (POR) =2.06; 
CI = 1.27, 3.34], not owning land [RR=1.77; CI= 1.19, 2.64], not staying in a slum [RR=0.52; 
CI= 0.33, 0.83] and Enhanced vegetation index [RR=0.02; CI= 0.00, 1.08]. A trend was 
observed on usage of insecticide treated mosquito nets [POR=0.80; CI= 0.63, 1.03]. 
 
Discussion and conclusion 
This study showed that malaria is a disease of poverty with significant results in slum, type of 
place of residence as well as ownership of land. Enhanced vegetation index was also an 
important factor in malaria morbidity but precipitation and temperature suitability index were not 
significant factors. The central region of the country was identified as the spatial hotspot for 
malaria. 
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3.1 Introduction 
Malaria is a serious problem in developing countries and many studies have been carried out in 
these countries to identify factors that are associated with the disease (Bell et al., 2005, Bowie, 
2007, Breman et al., 2004, Brooker et al., 2008, Omumbo et al., 2005, Kazembe et al., 2006b, 
Messina et al., 2011, Snow et al., 2003b, Noor et al., 2009, Bennett et al., 2013). Factors that 
have been identified are both natural and human related and these include climatic, geographic 
and SES variables (Chirombo et al., 2014). Temperature and precipitation are major 
environmental risk factors (Nobre et al., 2005). Human related factors include use of bed nets, 
access to anti-malarial drugs, poor access to health services, inadequate case management, poor 
immunological competence because of malnutrition and socioeconomic factors (Cox et al., 2007, 
Bowie, 2007, Omumbo et al., 2005, Snow et al., 2003b). The human related factors have a strong 
link with poverty and vulnerability(Snow et al., 2003b, The Global Poverty Project). Therefore, 
the impact of malaria is strongly felt in low income countries. 
In the fight against malaria, there is need to ensure that adequate information on the disease and 
prevalence in specific areas (Snow et al., 1996) is available and this is based on the notion that 
people living in a household and those that live close together have exposures that are similar 
(Musenge et al., 2013b, Elliott et al., 1995).  
Transmission of malaria varies from place to place, mapping this variation is important in 
identifying populations at different risk levels, comparing and interpreting malaria interventions 
in different places, and evaluating options for controlling the disease (Gething et al., 2011, Lowe 
et al., 2013). Disease maps can be used and these show how the disease is geographically 
distributed by highlighting the areas with high and low incidence of the disease (Sun et al., 2000, 
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Musenge et al., 2013b). This is important in order to target the available limited resources to 
areas of where they are required the most for the greatest effect (Kazembe, 2007). Geographical 
information system (GIS) and spatial statistical methods are used in identifying areas with 
increased risk of disease and determining spatial associations between disease and risk factors 
(Omumbo et al., 2005, Goovaerts, 2006, Webster et al., 2006, Hay et al., 2009). GIS techniques 
generate maps which can provide a comprehensive display of disease pattern and magnitude 
(Law et al., 2004). Therefore, disease-specific maps play an important role in disease control 
activities including monitoring changes in disease epidemiology and guiding the allocation of 
resources (Hay et al., 2009, Noon and Hankins, 2001).Disease specific maps also assist in 
planning, monitoring and evaluating cost-effective strategies for disease (Gosoniu et al., 2012). 
Bayesian statistical methods are applied in spatial analysis and disease mapping because they 
enable the integration of spatial correlation and modelling of fixed variables and random 
effects(Lawson et al., 1999, Wakefield, 2007). Spatial modelling introduces a random effect and 
this creates a spatial correlation on the distribution of the random effects thus providing correct 
estimates of parameters being tested (Clements et al., 2006, Riedel et al., 2010, Gosoniu et al., 
2006). MCMC methods are used in Bayesian statistics. MCMC methods are used in sampling 
probability distributions beginning with an initial value with conditional probabilities being used 
in generating new values (Lawson, 2013). MCMC methods deliver dependent outcomes, which 
are auto-correlated (Banerjee et al., 2004). Gibbs sampling and MH are some of the ways used in 
MCMC (Fruhwirth-Schnatter, 2013, Geman and Geman, 1993, Casella and George, 1992, Chib 
and Greenberg, 1995). Gibbs sampling is used when the joint distribution is unknown or is 
difficult to sample directly, but the conditional distribution of each variable is known and is from 
a normal distribution or normal related distributions (Arminger and Muthén, 1998, Geman and 
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Geman, 1993). MH is applied whenever direct sampling is difficult even for a single variable. 
These methods are going to be utilized in this paper. 
This paper aims to understand the spatial associations between malaria morbidity and 
environmental and behavioural determinants of malaria in Malawi in the year 2012. This will be 
achieved through applying a Bayesian geostatistical model that can deal with spatial random 
effects. Three different Bayesian approaches are going to be implemented and this will assist in 
fully understanding the determinants of malaria as well as the influence of different geographical 
areas and environmental effects in malaria prevalence. 
Understanding fully the determinants of malaria in a low income sub-Saharan country will assist 
in the development of health programs that will help to reduce the burden of malaria with the 
available resources and interventions will be targeted at the areas that need the interventions the 
most in order to reduce the burden of malaria on the population.  
 
3.2 Materials and Methods 
3.2.1 Study area 
Malawi is a landlocked country located in southern Africa with an area of approximately 120 
000km
2
 and is divided into three regions (Northern, Southern and Central). The country is 
bordered by Zambia, Mozambique and Tanzania (Lowe et al., 2013). Malawi has a sub-tropical 
climate with a rainy season from November to May and a dry season from May to November 
(Bennett et al., 2013). The presence of many water bodies especially on the eastern side with 
Lake Malawi being the most prominent at 580km makes the nation vulnerable to malaria 
morbidity and mortality (Bowie, 2007, Dzinjalamala, 2009, Bennett et al., 2013).  
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3.2.2 Malawi Malaria Indicator Survey Data  
The 2012 Malaria Indicator Survey (MIS) data that were used in this study came from a sample 
of households that were selected throughout the three regions (Northern, Central and Southern) 
of Malawi, and were obtained from the measure Demographic and Health Survey (DHS) 
website. A two stage cluster sampling technique was used to select the households. Weighting 
was carried out to adjust for the differences in the sampling of clusters. The original study 
collected data on basic demographic and health indicators, malaria prevention and treatment, 
anaemia, and malaria. These were extracted for analysis using Stata
®
13.1 (Copyright 1985-2013, 
StataCorp LP).  
The figure 3-1 below shows the country of Malawi with the 140 enumeration areas as well as the 
major water bodies. 
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Figure 3-1: Map of Malawi with the location of the 140 enumeration areas as well as well as 
the major water bodies.  
 
NB: Enumeration areas were selected according to the population of the area so the major cities 
Lilongwe (central) and Blantyre (southern) had more enumeration areas as compared with the 
other areas. 
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3.2.3 Statistical analysis methods  
Outcome and explanatory variables 
The outcome variable was number of malaria positive children under five in the household in 
2012.  
The fixed variables were selected based on significant correlation with the outcome. A special 
variable that was used as proxy for socio-economic status was created. This variable was based 
on presence of tap water, toilet and electricity in the household. Presence of all three was defined 
as none slum and absence of one or more of these variables was defined as slum. This was based 
on a study that was done in rural South Africa (Musenge et al., 2013a) that used this approach. 
The other variables that were used were type of place of residence whether it is urban or rural, 
cluster altitude, use of insecticide treated mosquito net and the ownership of land that is suitable 
for agriculture. 
Environmental variables that were used in this analysis were temperature suitability index (TSI), 
annual mean precipitation and enhanced vegetation index (EVI) (Huffman and Bolvin, 2013, The 
Malaria Atlas Project, 2010, World Climate, 2012, MODIS, 2011) and they are known to 
influence malaria transmission (Noor et al., 2012, Alegana et al., 2014, Snow et al., 2012). The 
EVI was a measure of the amount of vegetation in the country and how the vegetation influences 
propagation of mosquitoes and thus malaria transmission, the TSI was a measure of the 
suitability of the temperature in promoting the growth of mosquitoes (Bennett et al., 2013).  
These variables were selected after doing stepwise Poisson modelling and obtaining the variables 
with the best fit. These variables were then used as they were with the three different Bayesian 
approaches that were used in this study. A spatial random effect was then introduced at cluster 
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level and the random effect was both structured and unstructured. This was done to see if there 
was any spatial effect on the malaria episodes in the households in the different clusters.  
 
Statistical modelling 
Generalised linear models 
Bayesian geostatistical modelling was done to investigate effects of structured and unstructured 
random effects by allowing for the joint analysis of the fixed effects and the random effects 
(Belitz et al., 2012). The following models are described according to the WinBUGS code shown 
in Appendix 1. The regression model that was used to fit the data was the Poisson because the 
outcome was a count which was the number of malaria positive cases in each household. The 
total number of children under five was used as the offset variable in data analysis. The Poisson 
distribution is given by (Banerjee et al., 2004, Lawson, 2013, Carlin and Louis, 2000, Ntzoufras, 
2011):   
 ~ ( )iiy Poisson   where 1,2,....,i n     (Equation 1)  
with probability  
!
i iy
i
i
e
P y
y
 
       and mean    i iE y        and variance  var i iy                 
In this distribution the predictor is given by the following   
T
i i i iX                   
where the 
T
iX  is the design matrix  is the vector of fixed coefficients,  is the vector of 
structured random effect and  is the vector of unstructured random effect.  
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The link function links the mean of the distribution  i iE y   with the linear predictor under 
general linear models (Cameron and Trivedi, 2013). This is the mean but with the GLM. This is 
a member of the exponential family of distributions as is in our case we have a log link function. 
This log link function is given by lni i  . Exponentiating both sides ensures that the mean is 
always positive (Guikema and Goffelt, 2008) and this gives i
i e
   
In our case we are using the number of children in the household as those exposed; we 
introduced the offset variable as such i
i i i iE E e
   . This gives us: 
T
i i i iX
i i iE e E e
              (Equation 2) 
The Bayesian mode of parameter estimation involves us expressing this as follows: 
 |Posterior p parameters data Likelihood priors     
(and their corresponding hyper-priors) 
The posterior likelihood for our data is thus: 
     
1
{ , , }| | , ,
n
i i
i
L y P y P     

      
The full conditional for this model would need to be done using the following equation: 
         
         
, , | | | ( | ) | |
| ( | ) | |
i c h
c c h h
p y p y L y p p p
L y p p p p p


        
       
      
      
  (Equation 3) 
 
  
 
Chapter 3 – page 62 
 
Therefore the likelihood: 
 
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1 1
1
| , ,
!
n
i
i ii i
y
nyn n
i
i n
i i i
i
i
ee
P y
y
y
 
  
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Therefore substituting i from equation 2 we get: 
  1|
n
TXi i i
iT i
i i i i
y n E e
X
i iL y E e e
  
  
 

 
     

  
 
      (Equation 4) 
The prior for the beta coefficients for the k-1 fixed covariates is: 
 2~ ,
iid
k N    
 
therefore  
2
2
1 1
exp
22
k
kp


 


  
        
            
(Equation 5) 
The parameters were treated as constant in most of our models.  
Working on the random effects, for unstructured part we have  | hp   therefore: 
  1~ 0,
iid
i
h
N

 
 
 
therefore  
2
1 1 0
| exp
122
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i h
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
 



  
  
   
  
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where a conjugate gamma hyper prior on h is given by (Banerjee et al., 2004) 
  ~ ,h h hG   therefore  
 
 
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. .
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h h hh
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
 therefore: 
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   
1
21
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1
|
i h
h h h
i h h hP P e e

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 
 
 
           (Equation 6) 
The CAR prior for i is given by (Banerjee et al., 2004, Lawson, 2013)  ~i cCAR   and 
this CAR prior is given by 
1
~ ,ii
i c i
N
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
 
 
 
 
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Hence the likelihood of all neighbouring households is 
   
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 where ijw denotes the adjacency matrix, ij 
denotes that region j is a neighbour of region i and 
im  is the number of neighbours of region i. 
a conjugate hyperprior on c is given by  ~ ,c c cG          
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     (Equation 7) 
Combining equations 4, 5, 6 and 7 we obtain our posterior function as follows: 
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  (Equation 8) 
This can be solved for the parameters , ,    using GIBBS sampling and where there is no 
closed form of the distribution we use MCMC with Metropolis- Hastings algorithms.  
 
Data analysis methods 
Poisson regression analysis was done using Stata
®
13.1 (Copyright 1985-2013, StataCorp LP). 
Bayesian spatial Poisson conditional autoregressive (CAR) model using WinBUGS (Lunn et al., 
2000), R-INLA [R-Cran software version 2.15.2 (R Development Core Team, 2012)] as well as 
R2BayesX [(R-Cran software version 2.15.2 (R Development Core Team, 2012)] (Team, 2012) 
was also carried out. The models’ goodness of fit for the Bayesian models was assessed using the 
Deviance Information Criterion (DIC) whereby adding a spatial random effect was evaluated to 
see if it improves the unstructured model (Best et al., 2005). The software producing the lowest 
DIC was the software that was selected as the best fitting software. 
All output maps were produced using a projected co-ordinate system, WGS Zone 84 in Quantum 
GIS version 1.8.0 (QGIS, 2013) (Quantum, 2011), WinBUGS as well as R2BayesX. 
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3.2.4 Ethics approval 
This study was granted ethics approval by the University of the Witwatersrand’s Human 
Research Ethics Committee (Medical) (Clearance Certificate No. M130962). Approval to use the 
MIS data was obtained from the measure DHS website. The primary study, where the data was 
collected, verbal informed consent for testing of children was obtained from the child’s parent or 
guardian at the end of the household interview. The survey was also anonymised so that 
household or individual information is not identifiable(Ministry of Health et al., 2012) .  
 
 
 
3.3 Results 
Data were analysed at household level with a total of 1878 households in 140 clusters. The total 
number of children under the age of five was 1900. Table 3-1 below shows the comparative 
results between the different methods that were used in analysing the data. These results are from 
data that were analysed without the random effects. Significance was set at 5% level. 
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Table 3-1: Comparative results between STATA, WINBUGS, R-INLA and BayesX for the 
Multiple variable Poisson regression analysis without the spatial random effect. 
 
 
 
 
 
Variable Stata 
Coefficient (CI ) 
WINBUGS Posterior 
coefficient (CI 2.5, 97.5) 
INLA Posterior 
coefficient (CI 2.5, 
97.5) 
BAYES-X 
Posterior coefficient 
(CI 2.5, 97.5) 
Number children 
sleeping under net 
0 (reference) 
1 
2 or more 
 
 
 
-0.22(-0.47, 0.03) 
-0.21(-0.47,0.04) 
 
 
  
-0.39(-0.62, -0.16)* 
-0.04(-0.26, 0.19) 
 
 
  
-0.30(-0.52, -0.09)* 
-0.29(-0.50,-0.07)* 
 
 
  
-0.22(-0.42,-0.02)* 
-0.22(-0.41,-0.01)* 
Cluster altitude 0.0004(-0.001,0.02) 0.0007(1.29x10
-6
, 
0.0016)* 
0.0005(0.0001,0.0012)* 0.0004(-0.0002,0.0011) 
Precipitation -0.004(-0.01,0.01) -0.003(-0.01, 0.004) -0.003(-0.008, 0.003) -0.004 (-0.009,0.001) 
EVI -4.19(-8.45,0.08) -3.63 (-6.67, -0.60)* -3.92(-6.65,-1.25)* -4.25(-6.87, -1.69)* 
TSI 1.54(-1.04,4.12) 2.21(0.57, 4.50)* 1.97(0.37,3.58)* 1.55(-0.003,3.13) 
Owns land for crops 
No (reference) 
Yes  
 
  
0.57(0.17,0.97)* 
 
  
0.72(0.24, 1.09) 
 
  
0.71(0.36,1.07) 
 
  
0.58(0.27,0.92)* 
Type of residence 
Urban (reference) 
Rural 
 
  
0.72(0.24,1.20) 
 
  
0.60(0.28, 1.15) 
 
  
0.59(0.27,0.92)* 
 
  
0.74(0.34,1.16) 
Slum 
Yes (reference) 
No  
 
 
-0.65(-1.12,-0.18)* 
 
 
-0.79(-1.35, -0.21)* 
 
  
-0.75(-1.29,-0.27)* 
 
  
-0.68(-1.26,-0.16)* 
Stata CI = 95% confidence interval 
WINBUGS, INLA, BAYES-X CI = 95% Credibility Interval 
BAYES-X and STATA are weighted 
*significant at 5% level 
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From the table 3-1 the variable that showed significance at 5% with all the methods of analysis used was 
whether respondents stay in a slum or not. The other variables were not significant across all the testing 
methods used but EVI and 1 child sleeping under an ITN showed significance with all the Bayesian 
methods.  Owning land for crops was significant with Stata and BayesX. 
Table 3-2 shows results of the same variables but now with the structured and unstructured random 
effects and these were done using the three methods that is WinBUGS, INLA and BayesX. The structured 
and unstructured random effects were run separately. From the table 3-2, type of place of residence 
showed significance with all the three methods with both the structured and unstructured random effects. 
DIC was used to measure the model with the best fit (Ntzoufras, 2011). WinBUGS had the models with 
the least fit and BayesX had models with the best fit. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 3-2: Bayesian structured and unstructured spatial results.
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Analysis method WINBUGS (Posterior coefficients (CI 2.5,97.5)) INLA (Posterior coefficients (CI 2.5, 97.5)) BAYESX (Posterior coefficients (CI 2.5, 97.5)) 
Variable Unstructured Structured Unstructured Structured Unstructured Structured 
Number children 
sleeping under net 
0 (reference) 
1 
2 or more 
 
 
  
-0.31(-0.54,-0.09)* 
-0.10(-0.33,0.13) 
 
 
  
-0.35(-0.56,-0.13)* 
-0.09(-0.32,0.14) 
 
 
  
-0.27(-0.49,-0.05)* 
-0.33(-0.56,-0.10)* 
 
 
  
-0.28(-0.50,-0.06)* 
-0.35(-0.57,-0.12)* 
 
 
  
-0.19(-0.39,0.02) 
-0.29(-0.50,-0.07)* 
 
 
  
-0.21(-0.42,-0.002)* 
-0.31(-0.52,-0.09)* 
Cluster altitude -0.003(-0.02,0.01) 0.0006(-0.0007,0.002) 0.001(-0.0003,0.001) 0.0001(-0.001,0.001) 0.001(-0.0004,0.003) 0.0003(-0.002,0.002) 
Precipitation -0.04(-0.16,0.06) 0.002(-0.01,0.01) -0.001(-0.01,0.01) 0.001(-0.01,0.01) -0.001(-0.01,0.01) 0.01(-0.01,0.02) 
EVI 9.57(-26.42,60.51) -2.18(-6.82,2.50) -4.59(-9.53,0.20) -2.65(-7.12,1.77) -5.34(-10.54,-0.38)* 0.91(-4.19,5.96) 
TSI 5.26(-32.86,47.44) 1.87(-1.10,4.69) 3.30(0.26,6.42) 0.88(-1.84,3.61) 3.28(0.06,6.64) 2.83(-1.02,6.94) 
Owns land for crops 
No (reference) 
Yes  
 
  
0.31(-0.06,0.71) 
 
 
 0.59(0.22,0.97)* 
 
 
 0.49(0.13,0.88)* 
 
 
 0.58(0.22,0.96)* 
 
 
0.37(0.03,0.72)* 
 
 
 0.45(0.11,0.81)* 
Type of residence 
Urban (reference) 
Rural 
 
  
11.39(0.88,21.0)* 
 
  
0.83(0.39,1.31)* 
 
  
0.84(0.37,1.33)* 
 
  
0.79(0.34,1.25)* 
 
  
0.88(0.32,1.44)* 
 
  
0.78(0.29,1.31)* 
Slum 
Yes (reference) 
No  
 
  
-0.25(-0.84,0.30) 
 
  
-0.67(-1.23,-0.15)* 
 
  
-0.60(-1.17,-0.08)* 
 
  
-0.66(-1.22,-0.14)* 
 
  
-0.54(-1.14,0.01) 
 
  
-0.55(-1.14,0.01) 
Deviance information 
criterion (DIC) 
2041.83 2157.62 2138.07 2142.12 1278.61 1269.02 
PCI = 95% posterior credibility interval 
Number of children was used as an offset variable in all the models.  
BAYES-X was weighted to take into account the survey data 
*significant at 5% level 
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Table 3-3 below shows the model where both structured and unstructured random effects were 
run in the same model.  
 
Table 3-3: Posterior estimates of the convolution model 
 
Variable WINBUGS (Posterior 
coefficients (PCI 2.5,97.5)) 
INLA (Posterior coefficients 
(PCI 2.5,97.5)) 
BayesX (Posterior 
coefficients (PCI 2.5,97.5)) 
Number children sleeping 
under net 
0 (reference) 
1 
2 or more 
 
 
 
-0.34 (-0.56, -0.13)* 
-0.09 (-0.31, 0.14) 
 
 
 
-0.27 (-0.49, -0.05)* 
-0.33 (-0.56, -0.10)* 
 
 
 
-0.21 (-0.42, 0.001) 
-0.30 (-0.52, -0.09)* 
Cluster altitude -0.0009 (-0.0006,0.002) 0.001(-0.0003, 0.002) 0.0003(-0.002, 0.002) 
Precipitation -0.0009 (-0.011, 0.009) -0.001(-0.01, 0.01) 0.005 (-0.007, 0.02) 
EVI -3.19 (-8.52, 1.66) -4.59 (-9.54, 0.20) 0.40 (-4.90, 5.73) 
TSI 2.67 (-0.61, 5.91) 3.29 (0.26, 6.44) 2.79 (-1.19, 6.96) 
Owns land for crops 
No (reference) 
Yes  
 
 
0.55 (0.18, 0.94)* 
 
 
0.50 (0.13, 0.88)* 
 
 
0.44 (0.10, 0.79)* 
Type of residence 
Urban (reference) 
Rural 
 
 
0.83 (0.34, 1.32)* 
 
 
0.84 (0.37, 1.34)* 
 
 
0.79 (0.30, 1.31)* 
Slum 
Yes (reference) 
No 
 
 
-0.63 (-1.21, -0.11)* 
 
 
-0.60 (-1.17,- 0.08)* 
 
 
-0.53 (-1.14, 0.01) 
Deviance information 
criterion (DIC) 
2 089.36 2 138.79 1 268.77 
 
PCI = 95% posterior credibility interval 
*significant at 5% level 
 
Table 3-3 shows that significance with the variables owning land for crops and type of place of 
residence at 5% level with all three methods. Using ITNs and living in a slum were significant 
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with two of the methods. Again DIC was used as a measure of best model fit and from the table 
3-3 BayesX showed the best fit and INLA had the least fit. 
Mapping was done using BayesX and WinBUGS. Figures 3-2 and 3-3 below show the posterior 
mean and median of both the structured and unstructured models. The WinBUGS maps are 
shown in appendix 5. From these maps, the central region of Malawi shows an increased risk of 
malaria. The maps with the structured random effects show clearly that the central region is 
where the problem of malaria is concentrated although there are some spots in the Southern parts 
of the country where malaria is also high. 
The figures 3-2 and 3-3 below show the maps of the posterior estimates using BayesX 
 
Figure 3-2: Structured spatial effects on coefficients of blood smear positive malaria results 
showing both mean and median as well as 95% probabilities of malaria risk 
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Figure 3-3: Unstructured spatial effects on coefficients of blood smear positive malaria 
results showing both mean and median as well as 95% probabilities of malaria risk 
 
The other maps that were done using WinBUGS are presented in Appendix 5 and they show the 
means as well as the probabilities of malaria risk for both structured and unstructured random 
effects. Maps from both softwares show that the central region is the hotspot for malaria in 
Malawi. 
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3.4 Discussion and conclusion  
This paper is a follow up on an earlier study that looked at the direct and indirect determinants of 
malaria morbidity in children under five years in Malawi in the year 2012. SES was an important 
driver of malaria morbidity. Ownership of land, type of place of residence and residing in a slum 
or not were significant factors in malaria morbidity. These factors are strongly correlated with 
SES. This finding confirms what other studies have shown with regards to malaria morbidity. A 
number of studies that have been carried out have also confirmed that malaria is poverty related 
(Sachs and Malaney, 2002, Gallup and Sachs, 2001, Teklehaimanot and Paola Mejia, 2008, 
Malaney et al., 2004, Pattanayak et al., 2006, Worrall et al., 2005). 
The environmental factors that were analysed in this study were precipitation, temperature 
suitability index as well as enhanced vegetation index as these environmental factors have been 
shown to be important drivers of malaria (Alegana et al., 2013, Weiss et al., 2014, Alegana et al., 
2014). These environmental factors were not statistically significant using the modelling 
techniques that were used in this study.  
Looking at the structured and unstructured distribution of the posterior estimates of smear 
positive malaria results, the central region is the region that is most affected. This finding 
complements other studies that have been done on malaria in Malawi that showed that the central 
region is the one that is most affected (Bennett et al., 2013, Dzinjalamala, 2009, Kazembe et al., 
2006a). One study explained that this trend was due to the central region being covered by large 
portions of inland plain land as well as low lying areas along the lake Malawi (Chirombo et al., 
2014). The central region of Malawi is the region that has the capital city of Malawi (Lilongwe). 
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According to a report by UN habitat, 70% of the population in Lilongwe lives in informal 
settlements with high numbers of people living in those areas living in slum conditions (United 
Nations and Habitat, 2011)and therefore this increases their vulnerability to malaria infection. 
  
This study also compared frequentist method (STATA) with Bayesian approaches (WINBUGS, 
INLA and BAYES-X). STATA and BAYES-X were able to incorporate sample population 
sampling adjustments weights that were done for the 140 clusters (EAs) to account for 
differences due to the unequal proportions selected per cluster (Ministry of Health et al., 2012, 
Lowe et al., 2013) which was an advantage for these two methods as this was able to reduce bias 
associated with survey data. The disadvantage of STATA was that we were unable to incorporate 
the structured and unstructured spatial effects. The major disadvantage of the WINBUGS 
method was that it took a long time to run the models. INLA had the quickest time in analysis 
but the disadvantage that we noticed with this method was that the user had no control over the 
number of iterations that the method can be done in running the models as the number of 
iterations was determined internally by the method. 
The strengths of this study are; the study was based on the Bayesian goestatistical approach in 
modelling. This approach is advantageous because structured and unstructured random effects 
can be introduced into the models and this can help improve the interpretation of the results as 
spatial correlation may arise because of unobserved variables, and incorporating the spatial 
random effect in the model can help to account for them (Kazembe et al., 2006a). This study 
compared models that adjust for sample weights and models that do not adjust for weight and 
were able to select the best model that took into consideration the sample weights and therefore 
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adjusting for bias that might result from the use of survey data. Bayesian approaches are able to 
provide inferences that are conditional on the data but the inferences can be affected by the prior 
that is used which is a limitation of this analysis method (Musenge et al., 2011). This study also 
used the CAR model and this approach helps to reduce bias and variance of the posterior 
estimates (Earnest et al., 2007).  
The limitations of this study are; this study only concentrated on spatial aspect but did not look 
also at the temporal aspect and this could have affected the effects of the random effects as the 
temporal aspect was lacking. The environmental covariates need to be examined further and 
could have been affected by the lack of a temporal aspect because environmental covariates are 
time varying therefore the average annual values that were used in this analysis might be biased 
therefore resulting in unreliable results.  
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Chapter 4 Discussion and conclusions 
 
This chapter discusses the findings of the research study on the malaria episodes in children 
under five years in Malawi in the year 2012. The purpose of the research was to analyse the 
demographic, behavioural as well as the environmental determinants of malaria episodes in 
children under five years and also investigate if any random effects of malaria episodes and 
how these affect the prevalence of disease in the selected population.  
The findings are going to be categorised according to the behavioural determinants, 
environmental determinants, and spatial hotspots. The strengths of this study are also going to 
be discussed. The recommendations from this study will be discussed as well as the 
conclusions that were obtained from this study.  
 
4.1 Behavioural determinants 
This study showed that malaria has got important behavioural related drivers in the disease. A 
higher SES is associated with a number of factors that lead to lowered malaria transmission, 
like increased literacy levels, higher access to malaria health awareness campaigns and health 
education, as well as being able to afford disease prevention methods and treatment 
(Imbahale et al., 2010, Ademowo et al., 1995, Tarimo et al., 2000). This results in improved 
malaria control in those of a higher SES. The findings from both chapter 2 and chapter 3 
complement each other as far as SES is concerned. Both studies show that SES was an 
important determinant in malaria morbidity in Malawi in children under 5 in the year 2012. 
Ownership of land, type of place of residence and whether the household was a slum or not 
where significant factors in malaria morbidity. These factors and SES are strongly correlated. 
So this finding confirms what other studies have shown. A number of studies that have been 
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carried out have also confirmed that malaria is poverty related (Sachs and Malaney, 2002, 
Gallup and Sachs, 2001, Teklehaimanot and Paola Mejia, 2008, Malaney et al., 2004). 
 
 
The type of place of residence whether its urban area or rural area as well as region could be 
linked to the altitude, where some studies (Drakeley et al., 2005a, Hay et al., 2004, Lindsay 
and Martens, 1998) found an effect on malaria prevalence depending on the altitude. This 
study also showed that those dwelling in rural areas had a higher risk of contracting malaria 
as compared to those living in urban areas. This could also be linked to the fact that those 
living in rural areas are generally of a low economic status compared to their counterparts 
living in urban areas in one report on malaria and poverty it was shown that poverty results in 
people living in conditions that promote mosquito breeding (Teklehaimanot and Paola Mejia, 
2008). Generally the population of Malawi is mainly rural (Luka, 2010)and this also explain 
the problem of malaria in Malawi as it is more common in rural populations as this study 
showed. The higher SES of urban residents contributes to a reduced risk of contracting 
malaria (Somi et al., 2007); within cities, SES factors contribute to increased transmission in 
poorer areas with slum conditions. This study showed in that those who dwelt in slum-like 
conditions were at a higher risk of contracting malaria as compared to those whose dwellings 
were not classified as slum. 
 
 
Use of insecticide treated bed nets was also an important factor in malaria control with 
households that had more children sleeping under ITNs having less cases of malaria in the 
household. This finding is corroborated by other studies (Maxwell et al., 2002, Deressa et al., 
2007, Mmbando et al., 2011) that also found that the use of ITNs is important in malaria 
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control. This again links to SES as those households with a higher SES are the households 
that are able to provide ITNs for their children. 
 
 
The G-SEM’s indirect pathways also showed a significant association between cluster 
altitude and region as well as between SES and education level. G-SEM was used in this 
study to complement the results from the multiple variable analysis and the results showed 
that the multiple variable analysis and the G-SEM direct pathways show similar results.  
 
4.2 Environmental determinants 
Temperature and rainfall influence malaria endemicity. Altitude is a known factor in 
influencing temperature and rainfall (Cibulskis et al., 2011, Reiter, 2001). The environmental 
factors that were analysed  in this study were precipitation, TSI as well as EVI as these 
environmental factors have been shown to be important drivers of malaria (Alegana et al., 
2013, Weiss et al., 2014, Alegana et al., 2014). TSI, EVI and precipitation were generated 
from long-term annual average temperature, vegetation and precipitation and represent 
estimates of a year (Noor et al., 2013). 
These environmental factors that were used in this study were  not statistically significant. 
Cluster altitude was an important variable in the G-SEM models but with Bayesian models, it 
was not a significant covariate in malaria morbidity. 
 
4.3 Spatial hotspots 
Looking at the structured and unstructured distribution of the posterior estimates of smear 
positive malaria results, the central region is the region that is most affected. This finding 
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complements other studies that have been done on malaria in Malawi that showed that the 
central region is the one that is most affected (Bennett et al., 2013, Dzinjalamala, 2009, 
Kazembe et al., 2006a). One study explained that this trend was due to the central region 
being covered by large portions of inland plain land as well as low lying areas along lake 
Malawi (Chirombo et al., 2014). The central region of Malawi is the region that has the 
capital city of Malawi (Lilongwe) According to a report on Malawi by UN habitat 
approximately 76 percent of Lilongwe’s population lives in informal settlements with poverty 
standing at about 25 percent and unemployment at 16 percent (Luka, 2010). These poor SES 
conditions might influence the vulnerability of the city to malaria. In chapter 2, the central 
region was shown to be the one most affected by malaria and this was done without 
introducing structured random effects and with the introduction of random effects, this 
confirmed what the first study showed but now with structured random effects that make the 
results more precise. 
 
4.4 Recommendations 
The following recommendations arise from the findings of this study. These are: 
 There must be targeted interventions in malaria prevention programs and concentrate 
on areas with high prevalence as this will help to maximise the use of the available 
resources so that malaria can be effectively eliminated 
 Health education is important in malaria control, therefore health education materials 
must be readily available and easily accessible to the targeted population. This health 
education can result in behaviour change that results in improved prevention of 
malaria 
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 ITNs are also an important tool in malaria control and must be made available to the 
population in need. Funding must be made available in order to provide the required 
ITNs and programs must prioritise their availability and need to have in place a 
budget to adequately supply ITNs to the population 
 There must be programs to empower the communities so that they improve their SES 
and this in turn helps to reduce prevalence of malaria 
 It is important that care-givers especially mothers have access to information on 
malaria and how to identify signs and symptoms so that suspicious cases can be 
quickly identified and appropriate action is taken in order for the children to get the 
treatment that they need 
 Bayesian geostatistical modelling helps to model random effects and should be used 
more in disease modelling. 
 G-SEM is an important tool in disease modelling and can be utilised more in 
identifying disease determinants. 
 
4.5 Conclusions 
It is important to understand the determinants of malaria so that effective monitoring and 
evaluation of malaria can be carried out. This study showed the importance of socio-
economic status as well as education in the fight against malaria. In order for malaria to be 
eliminated in the population it is important for the government to empower the population 
economically and also ensure that health education is a part of the efforts that are put in place 
to fight malaria. This will assist in the fight to eliminate malaria. It is important to ensure that 
resources are channeled in order to optimize prevention strategies that are put in place. Once 
the population is empowered, then preventative strategies for malaria elimination can then be 
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implemented successfully and if the population is educated, then it is able to understand 
better the strategies in place and implement them successfully. The government must be 
economically sound in order to effectively implement the malaria control strategies so 
resources must be in place to implement malaria control strategies as well as sustaining them. 
The other important determinates also are linked to socio-economic status, therefore 
reduction of poverty will go a long way in the fight to eliminate malaria.  
More work needs to be done on the identification of hotspots and identifying the determinants 
in specific populations. This will help in ensuring that the interventions are not generic but 
specific for a given population. 
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Appendix 1: WinBUGS code 
Model without random effects 
Model { 
# Poisson Likelihood 
            for (i in 1:N) 
            { smear[i]~dpois(lambda[i] ) 
 log(lambda[i])<-log(total number of children[i]) + b[1] + b[2]*equals(stay in slum[i],1) +b[3]*equals(owns land for 
agriculture[i],1) +b[4]*equals(child slept under net[i],1) +b[5]*equals(child slept under net[i],2)+b[6]*precipitation[i] 
+b[7]*TSI[i] + b[8]*EVI[i] + b[9]*equals(type of place of residence[i],2)+b[10]*cluster altitude[i] 
RR[i]<-exp(b[1]+b[2]*equals(stay in slum[i],1) +b[3]*equals(owns land for agriculture[i],1) 
+b[4]*equals(child slept under net [i],1) +b[5]*equals(child slept under net [i],2) +b[6]*precipitation[i] +b[7]*TSI[i] 
+b[8]*EVI[i] +b[9]*equals(type of place of residence[i],2)+ b[10]*cluster altitude[i]) 
            } 
# Prior 
            for (i in 1:10) 
            { 
 b[i]~dnorm(0.0,0.001) 
            } 
 } 
Poisson regression model with both structured and unstructured random effect 
model{ 
# Poisson Likelihood 
            for (i in 1:N) 
            { smear[i]~dpois(lambda[i] ) 
 log(lambda[i])<-log(total number of children[i]) + b[1] + b[2]*equals(stay in slum[i],1) +b[3]*equals(owns land for 
agriculture[i],1) +b[4]*equals(child slept under net[i],1) +b[5]*equals(child slept under net[i],2)+b[6]*precipitation[i] 
+b[7]*TSI[i] + b[8]*EVI[i] + b[9]*equals(type of place of residence[i],2)+b[10]*cluster altitude[i] +u[cluster[i]] + v[cluster[i]]) 
RR[i]<-exp(b[1]+b[2]*equals(stay in slum[i],1) +b[3]*equals(owns land for agriculture[i],1) 
+b[4]*equals(child slept under net [i],1) +b[5]*equals(child slept under net [i],2) +b[6]*precipitation[i] +b[7]*TSI[i] 
+b[8]*EVI[i] +b[9]*equals(type of place of residence[i],2)+ b[10]*cluster altitude[i]) + u[cluster[i]] + v[cluster[i]]) 
  } 
# Prior 
            for (i in 1:10) 
 { 
            b[i]~dnorm(0.0,0.001) 
} 
for (k in 1:140) 
{ 
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v[k]~dnorm(0.0,tauv) 
} 
tauv~dgamma(0.01,0.01) 
u[1:140] ~car.normal(adj[], weights[], num[], tauu) 
for (k in 1:sumNumNeigh)  
 { 
  weights[k] <- 1 
 } 
 tauu~dgamma(0.01,0.01) 
 sigmau<-sqrt(1/tauu) 
 sigmav<-sqrt(1/tauv) 
} 
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Appendix 2: BayesX code 
#BayesX  
#importing libraries 
library(spdep) 
library(maptools) 
library(foreign) 
library(sp) 
library(rgdal) 
library(lattice) 
library(R2BayesX) 
library(shapefiles) 
library(BayesX) 
 
#model without random effect 
Model1 <- bayesx(smear~as.factor(stay in slum)+as.factor(owns land for agriculture)+as.factor(children sleep under 
net)+precipitation+ TSI+ EVI+ cluster altitude+as.factor(type of place of residence), family=poisson, iter = 120000, burnin = 
10000, step = 10,  data = data, weights=sampwt, offset=number_children) 
 
#Convolution model random effect 
Model2<-(smear~as.factor(stay in slum)+as.factor(owns land for agriculture)+as.factor(children sleep under net)+precipitation+ 
TSI+ EVI+ cluster altitude+as.factor(type of place of residence)+ sx(cluster,bs="mrf", map=malawibnd)+sx(cluster, bs="re") , 
family=poisson, iter = 120000, burnin = 10000, step = 10, data = data,  weights=sampwt, offset=number_children) 
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Appendix3: INLA code 
#reading in the libraries 
library(spdep) 
library(INLA) 
library(maptools) 
library(foreign) 
library(sp) 
library(rgdal) 
library(lattice) 
library(shapefiles) 
 
# The shapefile of interest 
malawiclust.shp<-readShapePoly("I:/paper2/GIS data/merge15.shp") proj4string(malawiclust.shp)=("+proj=longlat 
+ellps=WGS84") 
summary(malawiclust.shp) 
str(malawiclust.shp, 2) 
plot(malawiclust.shp,axes=T) 
 
# A nearest neighbour object 
nbmala<-poly2nb(malawiclust.shp) 
# Creating an INLA graph file 
nb2INLA(file="malawi.graph",nbmala) 
data=read.dta("I:/paper2/GIS data/mergeQGIS1.dta") 
data<-cbind(data,region=as.numeric(data$DHSCLUST),region.struct=as.numeric(data$DHSCLUST)) 
attach(data) 
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#Model1-A generalized linear model (Full model) 
Model1<- inla(smear~as.factor(stay in slum)+as.factor(owns land for agriculture)+as.factor(children sleep under net)+ 
precipitation+TSI+EVI+cluster altitude+as.factor(type of place of residence), family="poisson", data=data, 
control.results=list(return.marginals.random=TRUE,  return.marginals.predictor=TRUE), control.compute=list(dic=1,mlik=1, 
cpo=TRUE),offset=number_children) 
summary(Model1) 
plot(Model1) 
 
#Model2-A convolution model 
Model2<- inla(smear~as.factor(stay in slum)+as.factor(owns land for agriculture)+as.factor(children sleep under net)+ 
precipitation+TSI+EVI+cluster altitude+as.factor(type of place of residence)+f(region)+               
f(region.struct,model="besag",graph="malawi.graph"), 
family="poisson",data=data,control.results=list(return.marginals.random=TRUE,  return.marginals.predictor=TRUE), 
control.compute=list(dic=1,mlik=1), offset=number_children) 
summary(Model2) 
plot(Model2) 
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Appendix4: Run-times and number of iterations for the different methods used 
in analysis 
Method  Structured model Unstructured model Convolution model 
WinBUGS 
Run-time 
Number of iterations 
 
15 890 seconds 
10 000 
 
14 976 seconds 
10 000 
 
5 857 seconds 
10 000 
INLA 
Run-time 
Number of iterations 
 
14.65  seconds 
Determined by method 
 
15.04 seconds 
Determined by method 
 
42.28 seconds 
Determined by method 
BayesX 
Run-time 
Number of iterations 
 
287.70 seconds 
120 000 
 
276.16 seconds 
120 000 
 
436.33 seconds 
120 000 
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Appendix 5: WinBUGS maps 
Unstructured effects    Structured effects 
 
 
  
 
 
 
 
 
 
(6) <   -0 .5
(21)    -0 .5  -   -0.25
(48)   -0.25 -     0.0
(36)     0 .0  -    0.25
(20)    0.25 -     0.5
(9) >=    0.5
(samples)means for v
  0.001km
N
(1) <   -1 .0
(5)    -1.0 -    -0.5
(63)    -0 .5  -     0 .0
(68)     0 .0  -     0 .5
(3) >=    0.5
(samples)means for u
  0.001km
N
(19) <   0.25
(55)    0.25 -     0.5
(40)     0 .5  -    0.75
(26) >=   0 .75
probability of v greater than  0.0
  0.001km
N
(29) <   0.25
(34)    0.25 -     0.5
(52)     0 .5  -    0.75
(25) >=   0 .75
probability of u greater than  0.0
  0.001km
N
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Appendix6: Human Research Ethics Clearance Certificate  
 
 
 
 
